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a b s t r a c t
Shale gas reservoirs have fine-grained textures and high organic contents, leading to complex pore
structures. Therefore, accurate well-log derived pore size distributions are difficult to acquire for this
unconventional reservoir type, despite their importance. However, nuclear magnetic resonance (NMR)
logging can in principle provide such information via hydrogen relaxation time measurements. Thus, in
this paper, NMR response curves (of shale samples) were rigorously mathematically analyzed (with an
Expectation Maximization algorithm) and categorized based on the NMR data and their geology,
respectively. Thus the number of the NMR peaks, their relaxation times and amplitudes were analyzed to
characterize pore size distributions and lithofacies. Seven pore size distribution classes were distin-
guished; these were verified independently with Pulsed-Neutron Spectrometry (PNS) well-log data. This
study thus improves the interpretation of well log data in terms of pore structure and mineralogy of
shale reservoirs, and consequently aids in the optimization of shale gas extraction from the subsurface.
© 2020 Chinese Petroleum Society. Publishing Services by Elsevier B.V. on behalf of KeAi. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction
Nuclear magnetic resonance (NMR) is an effective tool to
probe reservoir characteristics, including unconventional shale
gas reservoirs. NMR can provide pore-scale e bound fluid
porosity (Bauer et al., 2015), free fluid porosity and fracture
porosity (Talabi et al., 2009), permeability (Kleinberg et al.,
2003), hydrocarbon existence (Kapur et al., 2000), mineral
composition (Cho et al., 2003) and fracture morphology (Pan
et al., 2009). Typically, shale gas reservoirs display a compli-
cated pore morphology (Chalmers et al., 2012; Yu et al., 2016,
2017a; Liu et al., 2018; Wang, 2018), and although laboratory
NMR can obtain precise shale pore size distributions, yet it is still
a challenge to continuously measure and interpret NMR data at
well-log scale (Gallegos and Smith, 1988; Yao and Liu, 2012;
Kenyon, 1997; Latorraca et al., 1999; Odusina and Sigal, 2011).
Furthermore, laboratory NMR tests areconducted at centimetre
scale and ambient conditions (Howard et al., 1995; Kamath et al.,
1999), in contrast to NMR well logging tests which are conducted
at decameter scale and wellboreconditions (Howard et al., 1995;
Kamath et al., 1999). In this context, NMR logs, when compared
to laboratory NMR experiments, providean opportunity to
improve the analysis of in-situ well log data and consequently
improved petrophysical property analysis. Thus in this study
T2time distributions from NMR logs were analyzed to obtain pore
size distributions and pore properties for a shale gas reservoir. It
was found that apart from bound fluid and free fluid porosity
fractures play a crucial part in NMR spectrum. Expectation
Maximization algorithm was used for clustering the different
pore types in the reservoir, and based on the shape of the NMR
spectra, seven lithological classes were identified. These were
independently identified via pulsed neutron spectroscopy (PNS)
to validate the NMR analysis proposed here. The classified sub-
reservoirs show a good assess to fracturing and reservoir
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The Shale gas reservoir of YanChang formation from south-
eastern Ordos Basin, China (Fig. 1) is used as a shale gas reservoir
example to investigate the newly proposed NMR log analysis. In the
inland Ordos Basin, the YC formation (Upper Triassic) sediments are
mostly deposited in fluvial and lacustrine sedimentary environ-
ments (Hongyan et al., 2016). One of the most important shale gas
reservoirs in China in this formation was formed in deep and semi-
deep lake environment (Zhang et al., 1998), which is a favorable
condition for organic shale deposition (Lai et al., 2016). NMR logs
were recorded in these reservoir, can be used to measure porosity
and pore size distributions versus depth (Hossain et al., 2011; Lewis
et al., 2013; Yu et al., 2017b). The new improved understanding of
reservoirs will significantly aid exploitation as porosity and pore
size distribution are the most important factors affecting transport
behavior of fluids (Dullien, 2012; Kuila and Prasad, 2013; Tiab and
Donaldson, 2015), hydrocarbon capability (Cai et al., 2013; Nie
et al., 2015), elastic properties (Kockal and Ozturan, 2011; Sone
and Zoback, 2013) and mechanical properties (Bandyopadhyay
et al., 2010).
2.2. NMR well logging
Nuclear magnetic resonance (NMR) is a technique where
hydrogen protons are magnetized (Coates et al., 1999) and the
transverse relaxation time (T1&T2) of protons under the condition
of pulsed and static magnetic fields is measured. This T2 signal is
directly proportional to the amount of hydrogen protons in the pore
fluid (Kleinberg et al., 1994; Neto et al., 2009; Zhang et al., 2016). In
conventional reservoirs, such as sandstone reservoirs, the NMR
spectrum has generally 2 to 3 main peaks and the peaks get larger
at higher relaxation time (Fig. 2a): the first smaller peak is normally
clay boundwater, the second peak is capillary bound water in small
pores, and the third one is free water in large pores (Bauer et al.,
2015; Yao et al., 2010). However, the shape of the T2 distribution
in shale gas reservoirs is totally different from that in sandstone
(Fig. 2b). Here the first peak normally is the predominant one
covering clay bound water and capillary bound water, while only
some small peaks for free fluid volume and micro-fractures appear
(Testamanti and Rezaee, 2017).
2.3. Pulsed-Neutron Spectrometry (PNS)
Pulsed-Neutron Spectrometry (PNS) log is a type of wireline log
for detecting different elements in the formation (Wang and Carr,
2012). PNS measures relative elemental concentrationsaccording
to neutron-induced gamma ray spectroscopy (Buller et al., 2010).
PNS thus measures the primary elements, including silicon (Si),
Fig. 1. Research area location map.
Fig. 2. A comparison between T2 distribution for typical sandstone (a) and shale (b)
reservoirs (Coates et al., 1999; Abouelresh, 2017).
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calcium (Ca), titanium (Ti), barium (Ba), iron (Fe), gadolinium (Gd),
sulfur (S), chlorine (Cl) and hydrogen (H).
2.4. Expectation Maximization clustering
Clustering is a machine learning method for grouping objects
together where the variables are similar and different from other
clusters (Jain, 2010; Perez, 2011). Expectation Maximization (EM) is
one method for such clustering (Gupta and Chen, 2011). EM oper-
ates similar to the K-Means technique (Kou et al., 2014), where a
fixed number of k clusters is given, and make sure the variables in
one cluster havemaximize differencesto other clusters. The EM al-
gorithm improved this basic approach in two essential ways (Na
et al., 2010); (1) The EM clustering algorithm calculates probabili-
ties of cluster memberships on the basis of one or more probability
distribution. The goal of the clustering algorithm then is to maxi-
mize the overall probability or likelihood of the data, given the
(final) clusters.(2) The conventional k-means clustering method
only can be applied to discrete data. However, the EM algorithm can
be used also for continuous and categorical variables.
3. Methods
The mineral compositions of the shale reservoir studied were
obtained from the PNS logs. The oxide-closure model was applied
forconverting relative elemental yields to weight percentage (Skelt,
2010; Wang et al., 2017). This model assumesthat the total of all
oxides in the formation rock matrix is 100% and that all sedimen-
tary minerals are oxides; therefore, the dry weight percent of all
oxides in the rock matrix must be 100% (Harvey et al., 1992). Then,
the weight percent of each oxide is interpreted from the cation
weight percent with the mineral chemical formula, e.g. Si is main
element in quartz, Ca has a closed relationship with dolomite and
limestone, Fe can be used to calculate pyrite and Al is used to get
the claycontent (Ward, 2002). Total organic carbon (TOC) can be
calculated from well logs. We chose the method proposed in (Yu
et al., 2017a) to obtain the TOC content.
We proposed a work flow for NMR clustering including six
foundational steps as presented in Fig. 3 .
4. Results and discussion
4.1. T2 distribution of NMR well logging
4.1.1. Pore size distribution in shale gas reservoir
The NMR log spectra show some noticeable variation with the
depth (Fig. 7); this indicates that means different pore sizes are
present in the studied shale formation. T2 distribution curves were
divided into 8 logarithmic equidistance ranges (i.e. 0.3 ms, 1 ms,
3 ms, 10 ms, 30 ms, 100 ms, 300 ms, 1000 ms and 3000 ms) to
analyze pore size changes versus depth, e.g..Small size pores (e.g.,
clay bound water) take up a major part of the total porosity and the
volume of pores decreases sharply with increasing the relaxation
time, indicating that larger pores (e.g., free fluid pores) are not the
major pore type in this shale gas reservoir.
4.1.2. Characteristics of NMR spectra
We found that most of the T2 distributions shows thereor more
peaks in the NMR log, which is not consistent with most earlier
studies (Lewis et al., 2013; Odusina et al., 2011). Previous studies
reported shale NMR spectrashowing only two peaks (Meng et al.,
Fig. 3. Clustering flow chart.
(1) Initially all NMR spectra from available wells were collected.
(2) Data preparation decomposes the NMR spectra to normal dataset instead of
curve. For the NMR spectrum, the relaxation time and amplitude of each
peak is the key point in evaluating pore size distribution. Hence, we read the
relaxation time and amplitude of each peak with Matlab. One example can
be seen in Table 1. The dataset will be separated by the number of peaks as
data with different number of peaks indicate different pore structures.
Table 1
An example of data collected from T2 curve.
(3) Data clustering is accomplished via the EM algorithm. All T2 curve variables thus are subdivided into subgroups with similar T2 distribution shapes.
(4) Model is group clustering.
(5) In the Expert performance evaluationthe significance of the clustering results is evaluated bymineral composition and organic matter, combining NMR experiment on
shale sample with fracture of fully saturated and after centrifuge which also from the same formation.
Peak 1 Peak 2 Peak 3
Peak numbers Relaxation time Amplitude Relaxation time Amplitude Relaxation time Amplitude
3 1.294321 0.004135091 15.53842 0.001857065 804.8087 0.000201686
3 1.294321 0.004183379 32.27508 0.001559834 1078.144 0.000109741
2 1.733908 0.003260394 50.04301 0.001686265
2 2.322791 0.002431929 67.03901 0.002244825
1 4.168487 0.00338517
1 4.824702 0.003900562
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2016; Tinni et al., 2014). The morphology of the three peaksindi-
cates that there are at least three types of pores existing in the shale
gas reservoirbecause different peaks represent fluids exist in
different pores. Thus we can indicate the fluids types by the peak
and therefore the pore types are obtained. To investigate this
further, we conducted a NMR laboratory experiment. In Fig. 5, the
blue line is the T2 spectrum of the fully brine saturated shale, while
the red line shows the T2 spectrum after 24 h centrifuging. The
third peak disappeared after centrifuging, while the other two
peaks slightly decreased. The third peak can be interpreted as a
fracture, consistent with the presence of open cracks within the
sample. Considering the accumulative porosity plot, we deter-
mined three T2cutoff (Fig. 4): (1) clay bound water (CBW) cutoff at
about 0.7 ms; (2) the capillary and free fluid cutoff at 22 ms; and (3)
fracture volume cutoff at 200 ms.
4.2. Reservoir type and lithological group classification
Each curvature in an NMR graph reflects distinct pore distri-
bution characteristics. Such characteristics can be interpreted for a
specific lithofacies (Bauer et al., 2015; Yao et al., 2010). Our meth-
odology is to identify a well-defined pore size distribution and
mineral composition from the NMR curves which are representa-
tive of distinct reservoir and lithofaces types.
Data clustering conducted in three groups of 3 peaks, 2 peaks
and 1 peak respectively. Then, different number of clusters was
tried in each group. The results showed that when the number of
the clusters is larger than 3 in the 3 peaks group and 2 peaks group,
the additional clusters just have 0 data. Therefore, we concluded
that 3 classes are the reasonable and ideal number in 3 peaks group
and 2 peaks group, and only 1 class in the 1 peak group.
A total of 7 classes were obtained (Fig.s 6, 7 and Table 2), where
each class is characterized by a distinct shape of the NMR T2 dis-
tribution curves. The geological interpretation and evaluation of
the 7 classes are illustrated on the basis of the shape of their NMR
T2 distribution curves (Fig. 6). The NMR T2 distribution curves can
reflect specific pore space distributions which are consistent with
the mineral composition. Normally, high clay content indicate high
clay bound water, inverse, high quartz and feldspar show more
Fig. 4. Laboratory test T2 spectra of the shale sample.
Fig. 5. Classification of representative NMR spectra.
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fractures.
Class 1 is very common in shale gas reservoirs. Normally, in
shale gas reservoir, the porosity of boundwater is larger thanthat of
free fluid (Testamanti and Rezaee, 2017). We can see that the TOC,
clay, carbonate and quartz plus feldspar contents are all similar
(Fig.s5, 6 and Table 2). This class is a typical sub-reservoir with high
clay content and TOC, low clastic mineral content, and medium
carbonate cementation.
Class 2 shows an amplitude peak around 3 ms and a minor peak
at around 300 ms. Thus the volume of bound water is high and it is
fractured. Interestingly there is no free water volume due to high
carbonate cementation, and this is clarified by the carbonate con-
tent from PNS log. All mineral contents are similar to Class 1 except
the content of quartz plus feldspar. Most sub-reservoirs in Class 2
have a lower quartz plus feldspar content when compared to Class
1; such mineral composition results in high bound water volume
and low free fluid volume. This class is thus not favorable for free
gas storage; however, due to its high TOC content, it is rock in
absorbed gas.
Class 3 differs significantly from class 1 and class 2; a moderate
elongated peak around 3e30 ms and a high peak around 100 ms
appear here. This type of T2 spectrum indicates that the fractures
volume comprises most of the pore space, and free fluid volume
and clay boundwater volume overlap. Thus, this sub-reservoir type
is one of the best reservoirs for shale gas storage and exploitation. It
has the highest content of quartz plus feldspar (average value is
61.02 wt%, minimum value is 44.37 wt%) and lowest clay content
(average 17.46 wt%, maximum value is 47.46 wt%).
Class 4 shows the highest bound water volume, low free fluid
volume and a lower degree of fracturing. The mineral composition
is similar to class 1.
Class 5 shows two peaks clearly at around 10 ms, 100 ms and a
minor peak below 1ms. Thus it contains high free fluid volume and
capillary bound volume, and a small amount of clay bound water. It
is also one of the best reservoir type, because it has a high free fluid
volume.
Class 6 is similar to Class 4; although this group only has a few
large fractures compared to many fractures in Class 4. However,
these large fractures provide a good pathway for gas migration
which is helpful during gas accumulation and shale gas extraction.
Class 7 is characterized by a single peak with a large amplitude
around 2e60ms (and only taking very small proportion in the NMR
well logging data), indicating a large amount of free fluid volume
and capillary bound volume, and no clay bound water.
The above 7 classes were divided only by data driven, however,
sometimes, 7 classes were more complicated for geological evalu-
ation. We thus categorized them as three lithofacies clusters (Fig. 7)
based on TOC, clay, carbonate, and detrital contents of these seven
classes, aimed at to access geological and exploitation evaluation.
Cluster 1 includes Class 1, Class 4 and Class 6. The first peak in
Cluster 1 is the largest peak followed by a second peak, while the
third peak is usually missing or it is insignificant. This indicates that
the main pore types are micropores and meso/macro pores. The
mineral composition in this cluster shows high TOC and clay con-
tent, and low carbonate and quartz and feldspar contents.
Cluster 2 only contains Class 2. The NMR spectrum of this cluster
has one peak around 3 ms, illustrating that micropore prevail. The
difference in composition between Cluster 1 and Cluster 2 is that
Cluster 2 has a higher carbonate content. This could be because
some meso/macro pores are cemented by carbonate.
Class 3, Class 5 and class 7 are categorized as Cluster 3. The NMR
spectrum of Cluster 3 has an inverse shape when compared with
Cluster 1. In this cluster the third peak is the largest peak followed
by the second peaks, indicating that large pores and fractures are
the main pore types. The low TOC and clay content can be verified
this character. Although Cluster 3 has slightly higher carbonate
Table 2
Composition statistics for the proposed NMR classes.
Class Parameter TOC (wt%) Carbonate (fraction) Clay (fraction) Quartz þ Feldspar (fraction)
1 Minimum 0.09 0.00 0.17 0.33
Maximum 5.86 0.29 0.58 0.73
Average 1.42 0.09 0.37 0.52
Standard deviation 1.43 0.05 0.07 0.07
2 Minimum 0.11 0.00 0.16 0.36
Maximum 5.34 0.32 0.58 0.71
Average 1.26 0.10 0.36 0.51
Standard deviation 1.44 0.06 0.08 0.06
3 Minimum 0.25 0.00 0.17 0.44
Maximum 5.01 0.20 0.48 0.76
Average 0.91 0.10 0.27 0.61
Standard deviation 1 0.05 0.06
4 Minimum 0.14 0.00 0.19 0.29
Maximum 5.95 0.33 0.57 0.73
Average 1.97 0.08 0.40 0.50
Standard deviation 1.62 0.06 0.08 0.07
5 Minimum 0.19 0.00 0.17 0.41
Maximum 4.12 0.27 0.49 0.80
Average 0.78 0.11 0.28 0.60
Standard deviation 0.89 0.05 0.07 0.08
6 Minimum 0.15 0.00 0.15 0.31
Maximum 6.60 0.32 0.60 0.70
Average 1.80 0.10 0.38 0.50
Standard deviation 1.55 0.06 0.08 0.07
7 Minimum 0.17 0.00 0.19 0.40
Maximum 5.15 0.25 0.44 0.69
Average 0.86 0.09 0.32 0.58
Standard deviation 1.03 0.06 0.06 0.07
Total Minimum 0.09 0.00 0.15 0.29
Maximum 6.60 0.33 0.60 0.80
Average 1.51 0.09 0.36 0.52
Standard deviation 1.48 0.06 0.08 0.08
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Fig. 6. Histogram showing TOC, clay, carbonate and quartz þ feldspar for each NMR class.
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content than Cluster 1, it has significantly higher quartz and feld-
spar content which has a strong influence on the pore size (Baruch
et al., 2015).
4.3. Application
This color-coding NMR curve shows the distribution of different
classes and clusters with depth (Fig. 7). Hydraulic fracturing design
needs to know the brittleness of shale, which is determined by the
content of quartz and feldspar. In our classification, Cluster 3 has a
high quartz and feldspar content which results in the high per-
centage of large pores. High quartz and feldspar contents in shales
normally develop many natural fractures as they are brittle and
prone to be fractured during fracturing (Ding et al., 2012; Zhang
et al., 2019; Yaghoubi, 2019; Gale et al., 2014). Rock heterogeneity
is an important property in reservoir characterization and also
hydraulic fracturing design (Suarez-Rivera et al., 2011; Tang et al.,
2015). The pore type spectrum is related to the shale heterogene-
ity. More long relaxation components than short relaxation com-
ponentsindicate stronger shale heterogeneity (Zhao et al., 2017).
Thus shale Cluster 3 is more heterogeneous, followed by Cluster 1
and Cluster 2. We thus believe that NMR spectra can be used
toquantify the heterogeneity of the shale reservoir based on the
peaks. This result can provide support for choosing the location and
method of shale fracturing.
5. Conclusion
We analyzed T2 spectra of NMR well log data to evaluate the
pore structure and reservoir type of a shale reservoir. The pore size
distribution changed with the depth. However, some of the T2
relaxation times were >300 ms. We found that small pores
(0.3 mse1 ms and 1 mse3 ms) comprised the major part of the
porosity, while the larger pores (300 mse1000 ms and
1000 mse3000 ms) only accounted for a small porosity proportion.
However, there always existed a third peak in the NMR spectrum,
which disappeared after centrifuge. We thus conclude that the
third peak are fractures in the shale gas reservoir, consistent with
the centrifuging experiments (see section 4.2.1).
We also sorted the NMR spectra with a clustering method, an
effective tool to classify lithological groups, based on relaxation
time and the shape of NMR spectrum. A total of 7 reservoir classes
were identified; these represent 7 sub-reservoirs in the shale for-
mation. Further, we described these classes in terms of mineral
composition from PNS well-log data. These different classes could
again be lumped into 3 clusters, which can be used to evaluate
fracturing and reservoir heterogeneity.
Finally, we conclude that NMR log data can be used to estimate
reservoir zoning in shale gas reservoirs. These results thus could
provide key geological and exploitation information for improved
field development.
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